In multi-hulls ship development the position optimization of the outriggers for Trimaran has to be taken into account. This problem may be solved by multi-objects nonlinear program. In this paper, The Rankine Source method based on the potential flow theory is used to predict the wave-making resistance of the trimaran and the Multi-Objective Genetic Algorithms (MOGAs) is used to optimize the position of the outriggers and the optimum results of CFD method were given too. The results show that MOGAs is an efficient and qualified engineering optimum design method in ship design.
INTRODUCTION TO MULTI-OBJECTIVE GENETIC ALGORITHMS (MOGAS)
The GAs (Genetic Algorithms) are some kinds of stochastic approach based on the mechanics of natural selection and Darwin's evolutionism, which are known to be robust and global optimum. Since 1985, GAs have been applied to multicriteria optimization [1] . In basic GAs, the problems are transferred to binary numbers called chromosome and fitness number by a kind of coding technique, and then the numerical method is used to simulate the procedure of natural evolution. For engineering problems, it is more convenient to use real numbers instead of binary numbers. The length of the real number string corresponds to the number of design variables. Every string is an individual representing a possible solution to the problem as below.
Chromosome (individual): X ⇒ (x 1 , x 2 , …, x m ) All of the individuals consist of a generation. The number of individuals is called the population size. The mechanics of survival of the fittest are applied by a kind of fitness value when we generate the subsequent generation from their parents. Three kinds of operators are used to generate the offspring. They are reproduction, crossover and mutation.
Reproduction is a process in which individuals are simply copied to the next generation based on their fitness value. The individual with higher fitness value will be copied at higher possibility. A typical reproduction operator is so-called roulette-wheel method. A kind of expected value model defined by De Jong in 1975 is introduced here. First the expected number of copying is calculated by the value m · fitness i / ∑ i fitness i . Thereafter, when an individual is selected for mating and crossover, its expected number of copying will decrease by 0.5. When an individual string is selected for reproduction, its expected number of copying will decrease by 1.0. When the expected number of copying reduces to be or below zero, the individual will be no longer available for selection. In order to ensure the astringency, the best individual is forced to copy to the next generation.
Crossover operator is a process in which two individuals are selected to generate a new individual. For real coding method, average crossover operator is usually used. That is to say, if individuals and X s and X t are selected as mated pair, then offspring will be αX s + (1-α) X t where α is a random number between 0 and 1.
Mutation operator is used to simulate the mutation of the species in the nature. Usually it can be treated that mutation takes place for every part of individual string in the same probability. For example, if an individual X r is selected to be mutated, then it will change to X r Ј = X r + (1-α) (R x -X r ) when α < 0.5 or X r Ј = X r + (1-α) (X r -L x ) when α ≥ 0.5. Here, L x , R x are left and right limits of X r , respectively.
By operations of reproduction, crossover and mutation, the evolution procedures are simulated and so the optimization processes are carried out. The relative optimum solution(s) can be obtained at a certain generation.
Suppose P(t) denotes the generation t, the standard algorithmic structure of GAs can be represented as follows:
Procedure evolution program Begin t←0 initialize P(t) evaluate P(t) 536 Application of Genetic Algorithm to The Position Optimization of The Outriggers for Trimaran while (not termination condition) do begin t←t+1 select P(t) from P(t-1) alter P(t) evaluate P(t) end end
In the nature, species are suitable for complex circumstance around them. Natural selection is in essence a kind of multi-objective optimization procedure. So GAs may be used to simulate the multi-objective optimization problem. In multi-objective optimization problem, usually there are not necessarily optimal solutions as those in single objective optimization problems. Under these conditions, a concept of cooperative solutions or non-inferior solutions, which are usually a set of solutions, is adopted instead of the optimum. When GAs are applied to multi-objective optimization problems, one needs to let all of objectives to assume effect on the operators when generating offspring. It is expected at the last generation there should be some individuals with relative higher fitness to all objectives, which would be cooperative solutions exactly or approximately.
Here, a concept of Pareto optimality is introduced to resolve the multiobjective optimization problem [2] . The concept of Pareto optimality is the basis on which are grounded the most of cooperative multi-objective optimizations. It is based upon the principle of dominance, which can be defined as below:
Let F(f 1 ,f 2 ,..., f n ), the vector of a minimization program with n objectives. It would be said that
is said to be non-dominated or non-inferior if there is no feasible solution in the search space which dominates it. The Pareto front is the set of all the non-dominated solutions.
According to the definition of the Pareto front, we can define fitness corresponding to the rank of the solutions. First the Pareto dominance principle is applied to rank all of the solutions, and then for the same rank of the solutions, the same fitness will be settled. Then the calculating process is the same as single objective optimization. It could be expected that with the evolution of the populations, the best rank of the solutions would approach to global tradeoff surface for the problems. A kind of removing way is usually used to perform ranking. We assign the solutions of the Pareto front a rank of 1 and remove it, and then do the next ranking and assign rank of 2 and so on. The process is iterated until all the solutions are ranked. The procedure can be illustrated by the following simple example.
objectives: min x & min y. subjevt to:
It is obvious that the non-inferior solutions are on a part of unit circle in the third quadrant.
When the GAs are used to solve the example, the trial solutions at first generation are drawn in Fig.1 . Then the trial solutions are ranked all based on the principle of dominance, that is, points of will have a rank of 1. The fitness is defined corresponding to the rank of the solutions, and the reproduction, crossover and mutation operators will be carried out based on the fitness. In this calculation, crossover probability is 0.6 and mutation probability is 0.1.
Figure 1. Evolution procedure
From Fig.1 we can see that with the development of the evolution, the Pareto front in each generation becomes closer to the real non-inferior solutions. At generation 50, most of individuals are very close to the unit circle in the third quadrant, that is the real non-inferior set to this example.
DESCRIPTION OF OPTIMIZATION MODEL FOR WAVE-MAKING RESISTANCE PROBLEM
Taking wave-making resistance coefficient C w ( = R w /0.5ρL 2 V 2 , R w : wavemaking resistance, ρ: density of water, L: length of the hull, V: ship speed) as objective, the displacement of ship is required to be kept in a certain range from actual point of view. Then the optimization model for minimizing C w can be described as follows:
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Here, C w is a vector of wave-making resistance coefficient at different speed points.
The Rankine source method [3] is used to evaluate the wave-making resistance. The technique of panel shift [4] is used here to ensure the radiation condition. In order to speed up the computation, the wave-making problem is linearized shown as in the equations (2), which are reasonable from prediction and optimization point of view. (2) Here, φ is disturbed velocity potential due to ship hull which is represented as the potential of source density distribution over the surfaces of wetted hull (Sh) and still water (Sf):
The pressures on the hull surface p and the wave-making resistance R w and its coefficient C w can be obtained by Eqs. (4) and (5) . p a is the pressure of atmosphere.
The following modification method is adopted here [5] : Here, y 0 is the initial half breadth of waterline, y 0 ≤ 0. w f (x,z) and w a (x,z) are the modifying functions at point (x,y 0 ,z) for fore and after bodies, respectively.
In the calculation, the punishment function method is used to change the original optimization problem to the unconstrained minimization ones.
M 1 , M 2 are given big numbers, say 1000. ∑ means the sum of total nodes of the panels on hull. 
NUMERICAL EXAMPLES
Taking Wigley hull as a minimization example:
The problem is how to modify the Wigley hull so as to reduce the resistance at two speeds.
We assume the design waterline and midship section are kept constant. The fore and after bodies can be changed to keep the displacement in a certain range, saying ε = 0.5%. There are 18 design variables A mn ,B mn . Fig.4 shows the Pareto front at last generation when MOGAs are used to resolve the model (1), where the values of C w at Fn=0.24,0.28 are selected as objectives. In calculation, we used 30×10 panels on hull surface and 70×20 panels on still water surface as shown in Figure 3 . Any points in the Pareto front can be selected as design point according to the work condition of the ship. For From Fig.6 we can see that for point C it has fuller stem than that of point A. Ship hull corresponding point B has moderate stem. The after parts of the hulls corresponding to points A, B and C become finer than initial hull so as to keep the same volumes as the initial one. That can be seen clearly from the cross section area distribution along with the longitudinal direction. It is coincident with general sense. From Fig.5 Fig. 8 we can see that the wave-making resistances are reduced mainly by the way of lowing down the wave's crest and trough in the tail area for the calculation cases. From above calculations we can see that the redistribution of the displacement of hull along with longitudinal direction can reduce the wavemaking resistance. For Wigley hull determined by (7) we can redistribute the displacement of after part to the fore part of hull to reduce the resistance due to wave-making. If only fore part of the hull is selected to change then what kind of results will be obtained? Here Series 60 (Cb=0.6) is taken as another example to investigate what will happen when MOGAs are applied only for forebody. During the calculations also we assume the design waterline and midship section are kept constant during the calculations. The fore bodies can be changed while the displacement is kept in a certain range (ε = 0.005). The
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Application of Genetic Algorithm to The Position Optimization of The Outriggers for Trimaran design variables will be A mn . The values of C w at Fn=0.24,0.26 are selected as objectives. In calculation, we used 40×25 panels on hull surface and 90×27 panels on still water surface. The calculations are shown in Fig.9-13 . The similar conclusions can be drawn out from Fig.9-13 . However, the wave profiles are different from that of Wigley hull. For Series 60, the initial hull and those of improvement (Hull A, B and C) have no remarkable changes in the tail's area. In the fore part of the hull, a bulbous-like stem causes another wave and so as to changes the wave-making resistance. This is different from the case of Wigley hull.
From above examples, we can see that MOGAs can get a set of non-inferior solutions to the multi-objective optimization problem for the wave-making resistance and it enables the designers to select the final design freely according to the ship's working condition or their experiences. This is a very important thing from engineering point of view.
From above, we simply explained about the Multi-Objective Genetic Algorithms, and as examples we applied it to the optimization of original Wigley hull and Series 60 forms at two speed points based on a Rankine source method and confirmed usefulness of this Multi-Objective Genetic Algorithms. This method has possibility to be used in many other design optimizations. We will apply this method to the optimization of the position of the outriggers for trimanan 
OPTIMIZATION OF THE POSITION OF THE OUTRIGGERS FOR TRIMANAN Panels system for trimanan
The wigley hull is selected as main hull and outriggers. [6] (8)
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There are two types of trimanans A and B sketched in Figure 14 .
Figure 14. top view of the trimanan
In order to ensure the radiation condition, the source panels for free water surface are moved 2 panel's distance up and 1 panel's distance backward from undisturbed free surface. The panels system is shown in Figure 15 Obviously (3) are non-linear equations. Different treatment to (3) will obtain different approaches to equations. The linearization equations of (9) are used to speed up the computation, which are reasonable from prediction and optimization point of view. [7] (9) 
GLOBAL OPTIMIZATION FOR POSITIONS OF OUTRIGGER
As described above, the position of outriggers has great influence on wave making resistance. The optimal locations have been discussed above in separate condition. In general, the total resistance (including friction resistance and residual resistance) should be selected as objective from resistance point of view. Considering the fact that the main hulls and outriggers itself have no changes on the present condition, the total wave making resistance can be selected as objective. The relative values b/Lwl, s/Lwl and the type of trimanan (Type A, B) are selected as design variables to be optimized. Here, the so-called Genetic Algorithms (GAs) are used to get the global resolves. Figure 20 shows the change of the wave making resistance during the evolution process. The wave making resistance reduces from 2.557E-04 to 9.5736E-05 after 60 generations calculations. In calculation, population size is 5×maximum generation 60 crossover probability 0.9 mutation probability 0. Figure 21 shows the wave pattern of the last solution, which also shows that the outriggers are just located in the area mentioned above. 
CONCLUSIONS AND FUTURE WORK
As described above, we can come to conclusions as follows:
(1) It is effective to apply GAs for global optimization of outrigger's position.
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Application of Genetic Algorithm to The Position Optimization of The Outriggers for Trimaran (2) The tendency of the curves of wave-making resistance is coincident with the experiment. That shows Rankine source method can be used to predict the resistance of trimaran and do some optimal design at the initial ship developing process (3) The position of outriggers has great influence on the wave making resistance. Reasonable choice is to located the stem of outriggers in the area of wave hollows caused by the main hull while the stern locates in the area of humps. (3) For the trimarans shown in Figure 2 , the optimal position of outrigger is s/Lwl= 0.6874213 and b/L wl = 0.1836239. The reasonable type is B. This paper however, didn't discuss applying Parallel Genetic Algorithm (PGA) to solve the complex Multi-Object Problems (MOP). PGA has good ability of global optimization, and good ability of diversity reservation .But in the parallelization process of the SPGA (standard PGA), there exists a mass of communication cost between processors, which will result to the tremendous losing of the computing speed. For future works, we will try our best to settle this problem so that the PGA works effectively, and speedy on MOP
